Background: Genome-wide association studies (GWAS) do not provide a full account of the heritability of genetic diseases since gene-gene interactions, also known as epistasis are not considered in single locus GWAS. To address this problem, a considerable number of methods have been developed for identifying disease-associated genegene interactions. However, these methods typically fail to identify interacting markers explaining more of the disease heritability over single locus GWAS, since many of the interactions significant for disease are obscured by uninformative marker interactions e.g., linkage disequilibrium (LD). Results: In this study, we present a novel SNP interaction prioritization algorithm, named iLOCi (Interacting Loci). This algorithm accounts for marker dependencies separately in case and control groups. Disease-associated interactions are then prioritized according to a novel ranking score calculated from the difference in marker dependencies for every possible pair between case and control groups. The analysis of a typical GWAS dataset can be completed in less than a day on a standard workstation with parallel processing capability. The proposed framework was validated using simulated data and applied to real GWAS datasets using the Wellcome Trust Case Control Consortium (WTCCC) data. The results from simulated data showed the ability of iLOCi to identify various types of gene-gene interactions, especially for high-order interaction. From the WTCCC data, we found that among the top ranked interacting SNP pairs, several mapped to genes previously known to be associated with disease, and interestingly, other previously unreported genes with biologically related roles.
Background
A major challenge for human genetics is identifying susceptibility genes for complex heritable diseases. Advanced single nucleotide polymorphism (SNP) genotyping technology and genome-wide association study (GWAS) are at the forefront of research in this area. In conventional single locus analysis, each variant is tested individually for disease association. Systematic analysis of GWAS data in this manner can typically uncover multiple SNPs associated with complex diseases [1] [2] [3] . These analyses have provided valuable insights into the genetics of complex diseases; however, they typically detect only common, low-risk variants each with small effect and explain only a tiny proportion of disease heritability [4] .
The existence of interactions among genes (epistasis) has been proposed to constitute a major proportion of disease heritability, which is not captured by single-locus GWAS [5] . The genetical nature of epistasis can be described by several different models as shown in a variety of interaction schema discussed in [6] . Note that genetic factors primarily function through a complex mechanism; thus, epistatic interactions are not limited to independent gene pairs. Multiple genes interacting through a biological network (i.e. indirect interactions) exist which can modify disease penetrance and expressivity.
A number of methods for detecting epistatic interactions among genotypic data have been proposed. Most methods employ a statistical approach to identify interacting marker pairs based on deviation from a null distribution and estimation of type I error. These statistical approaches have been shown to work well in theory, e.g., regression methods [7, 8] , partitioning chi-square [9] , Focused Interaction Testing Framework (FITF) [10] , Bayesian model selection [11] , and other recent approaches [12, 13] . However, the need for control of type I error reduces power to detect interactions in real data, which is exacerbated by the huge number of statistical tests performed in this analysis [14] .
Given the challenges for statistical approaches, non-statistical methods such as machine-learning and datamining methods have been proposed for the study of genetic interactions [15, 16] . Instead of model fitting, these methods attempt to explain all of the heritability in terms of marker interactions. Multifactor dimensionality reduction (MDR) is an brute-force method for identifying the most plausible interactions which fit the data [17] . However, MDR and other recently published exhaustive nonparametric approaches [18] are computationally complex and thus impractical for analysis of GWAS data. To overcome the computational burden of non-parametric analysis, several techniques have been developed that employ statistics to assist the non-parametric search for epistasis, including SNPHarvester [19] , SNPRuler [20] , and BOOST [21] . In these methods, the search space is reduced by a filtering step, usually employing a statistical threshold. The filtered dataset is then used for non-parametric search for epistasis. Although these methods can be applied for analysis of GWAS data, the interactions found rarely offer any new insights since the majority of interacting markers map to the same genomic regions. For example, the analysis of WTCCC (Wellcome Trust Case Control Consortium) data by BOOST revealed that after removal of linked pairs, no interactions were found for five of the seven diseases. Using another approach for exhaustive search of interactions, the most recent paper by Ueki and Tamiya [22] also reported very few interactions in the WTCCC data.
The possible reason for the disappointingly modest improvement of the current hybrid approaches is that they do not adequately account for marker dependencies not related to disease. A well known marker dependency which can confound the identification of genomic regions associated with disease is linkage disequilibrium (LD). LD is non-random association of genotypes at two or more loci that can be on the same or different chromosomes. LD is caused by a number of factors, including genetic linkage and the rate of recombination [23] . Earlier reports [24, 25] showed that LD contrast, i.e., differences in LD patterns between case and control groups can reveal the disease signal above the noise of background LD in candidate disease regions. However, to our knowledge, LD contrast has not been employed for comprehensive genetic epistasis study, owing to the high computational complexity.
Clearly, a computationally efficient and comprehensive prioritization technique is required which accounts for marker dependencies unrelated to disease. Moreover, instead of trying to control type I error, a prioritization procedure may be more effective in revealing more of the true disease markers which may have modest individual effects and interact in complex higher-order networks.
In this paper, we propose a novel tool for prioritizing gene-gene interactions called iLOCi (interacting Loci). The iLOCi algorithm ranks all SNP pair combinations according to a novel heuristic that we call ρ diff . The iLOCi program is specifically designed to handle large-scale GWAS data partly through the application of data parallelization. The tests with WTCCC datasets show that the top ranked pairs by our algorithm reveal novel disease genes, several of which are consistent with biological networks underpining disease etiology.
Methods

iLOCi algorithm
The proposed iLOCi algorithm performs genome-wide analysis for identifying SNP pairs that are plausibly associated with a disease. No prior genetical assumptions are employed in the algorithm, which allows the exploration of different dimensions of the association results. The framework can be characterized into two main modules: 1) calculating SNP pair dependencies separately in case and control groups and 2) disease SNP pair prioritization as shown in Figure 1 . From the large number of SNP pairs, it is necessary to identify the dependency unrelated to disease. This dependency includes linkage disequilibrium (LD), population structure, genotype calling artifacts, etc. and is performed separately between the case and control groups. This step of the algorithm is called dependence test. Therefore, for each indexed SNP pair, the algorithm calculates two scores, r case and r control . The calculated r values using genotypic information were proven to be concordant with LD values (see Additional file 1). LD values are calculated using allelic deviation from the Hardy-Weinberg Equilibrium (HWE) model, which assumes that, without the introduction of specific disturbing factors, the frequencies of alleles and genotypes in a population remain constant from one generation to the next. However, it should be noted that the only information captured by r values is the correlation between markers, which is needed for identifying interactions. For LD calculation, the haplotypic phase is also considered, which is computationally very demanding for datasets of this size.
To compute marker r values, each SNP locus is considered as a discrete random variable and the numeric values of -1, 0 and 1 are assigned to homozygous wild (w), heterozygous (h), and homozygous variant (v) types respectively. This encoding ensures zero-means, which obviates a normalization step. Let x and y be two discrete random variables of SNPx and SNPy, respectively.
Let P (x,y) represents a genotypic joint probability mass function, whose entries are the probability of genotype combinations from both SNPs. Hence, there are nine possible genotypic combinations that are represented by the following matrix:
P ww P wh P wv P hw P hh P hv P vw P vh P vv ⎤ ⎦ For example, P ww is a probability that (x,y) are both homozygous wild type. Each of these probabilities can be calculated by dividing the number of the joint genotypic outcomes with the total number of individuals for either case (N case ) or control (N control ) groups. For example,
The dependence test must be performed for all possible SNP pairs. The correlation value r control for each SNP pair is calculated as:
Note that P ctrl x=w , P ctrl x=v , P ctrl y=w , and P ctrl y=v are the estimated probability of SNPx wild type, SNPx variant type, SNPy wild type and SNPy variant type respectively. By the same reasoning, r case is calculated as:
Disease SNP pair prioritization
The next step is to identify whether the same SNP pair (x,y) from case and control groups have contrasting patterns of r values. A difference test is performed by differentiating the r values between the case and control groups using a simple subtraction operation, namely r diff =|r control -r case |.
To select the highly associated SNP pairs, all SNP pairs are ranked according to the r diff values. The ranking of top SNP pairs was chosen, rather than a P-value cutoff in order to avoid too many false positive pairs due to the heavy-tailed distribution phenomenon, where the Gaussian distribution decreases faster than the distribution of disease associated SNP pairs [26] .
Parallel computing algorithm implemented in iLOCi
The iLOCi algorithm is designed for genome-scale analysis which requires the computation of a huge number of SNP interaction pairs, e.g.≈1.25x10 11 pairs for a 500,000 SNP dataset. Data parallelization is applied to accelerate this computationally intensive and time-consuming process. The SNP interaction matrix is divided into submatrices of 100,000 or fewer SNPs each. Each SNP interaction submatrix is computed in parallel using a MacPro workstation with 2×2.4 GHz quad-core Intel Xeon processors with 8GB RAM. With this configuration, the complete WTCCC dataset can be analyzed in 19 hours. Details for implemention of the code and data parallelization are available upon request.
Testing iLOCi algorithm performance using simulated data
The performance of iLOCi for detecting disease-associated gene interactions was evaluated and compared with FastEpistasis [27] . The evaluation was made using simulated datasets, which were generated using the GenomeSIM program [28] . The algorithm performance was determined for detection of four different epistatic interaction scenarios:
1) Single pair interaction without marginal effects:
Eighteen epistatic models in [29] with heritability (h 2 ) of 0.2, 0.3, and 0.4 were used for performance comparison (see Additional file 2: Table S1 ). These heritability levels were chosen to represent those typically found in common complex diseases. The minor allele frequency (MAF), which is the frequency of the less common allele, was assigned to be two levels, 0.2 and 0.4. In total, there are six model groups comprising three models with the same heritability and MAF for each group. 100 independent datasets containing 1600 samples (800 cases and 800 controls) with 100 SNPs were generated for each model group.
2) Single pair interaction with marginal effects: Six epistatic models in [30] with MAF of 0.5 were tested (see Additional file 2: Table S2 ). 100 independent datasets containing 800 samples (400 cases and 400 controls) and 100 independent datasets containing 1600 samples (800 cases and 800 controls) with 100 SNPs each were generated for each model group.
3) Multiple independent interacting pairs without marginal effects: Eight models of multiple interactions described in supplementary material of [19] were tested. Each of these models were generated from five epistatic models described in [29] . Each model used the same heritability and MAF. 100 independent datasets containing 1600 samples (800 cases and 800 controls) and 100 SNPs were generated for each model group. 4) Higher-order interactions: Data were simulated for the eight interaction network models based on pairwise interaction described in [31] for three-, four-, and five-loci interating networks (see Additional file 2: Table S3 ). 100 independent datasets containing 800 samples (400 cases and 400 controls) were generated. The number of SNPs varies from model to model.
The algorithm performance was demonstrated by the percentage of accuracy, which is determined by the proportion of 100 independent datasets in which the algorithm correctly identified the interacting SNP pairs. For situations 1 and 2, the identification of disease SNP pair is defined as correct if the disease SNP pair is the top ranked pair with the highest ρ diff score (for iLOCi) or the lowest P-value (for FastEpistasis). For multiple independent interacting pairs (case 3), the identification is taken as correct when all five disease SNPs fall in the top five ranked pairs with highest ρ diff score (for iLOCi) or lowest P-value (for FastEpistasis). The prediction of higher-order interactions is defined as correct when all disease SNPs are found within all top ranked pairs. The top ranked pairs are defined as all consecutive pairs comprising at least one disease SNP in each pair.
Testing algorithm performance using the WTCCC dataset
In addition to the simulated data, our algorithm was applied to the real genotypic data of WTCCC (Wellcome Trust Case Control Consortium) [3] . This dataset encompasses~500,000 SNP genotypic data of~17,000 British samples which are divided into 3000 shared control samples and~2000 case samples for each of seven complex diseases: bipolar disorder (BD), coronary artery disease (CAD), Crohn's disease (CD), hypertension (HT), rheumatoid arthritis (RA), type1 (T1D) and type2 (T2D) diabetes.
For these real datasets, data cleaning was required prior to the analysis. We considered only SNPs and individuals passing WTCCC data quality control [3] . We further filtered the SNP set using MAF>0.05 leaving 355,882 SNPs (complete set) for all diseases. We also generated a SNP marker gene-only subset of 176,148 present in genes (defined as within 10Kb flanking an annotated gene model reported in RefSeq version 36.3).
First, ρ diff values for the seven WTCCC diseases were calculated for all possible (≈63×10 9 for complete and ≈15×10 9 for the gene-only subset) pairs. Next, the empirical ρ diff distributions for each disease were graphed using kernel density plot. For the gene-only SNP subset analysis, the top ranked 1000 SNP pairs were chosen for functional analysis to uncover biological significance. From these pairs, a list of genes was extracted based upon RefSeq (version 36.3) physical locations of SNPs in the genome. To understand the biological significance of the novel genes reported by our algorithm, we also used the candidate gene prioritization feature of ToppGene [32] using the cutoff of P-value = 0.01 with Bonferroni correction. The training sets for the ToppGene candidate gene prioritization were the lists of all genes reported in the HuGE Navigator database [33] for the seven diseases. The test sets for the ToppGene analysis were the lists of novel (not reported in HuGE Navigator database) genes represented among the top ranked 1000 SNP pairs obtained from iLOCi.
Results
iLOCi algorithm validation
We used simulated datasets to validate the iLOCi algorithm for identifying various disease-associated epistatic interactions. We chose FastEpistasis for performance comparison with iLOCi due to the fact that the data were simulated according to an interaction model; iLOCi FastEpistasis Figure 5 The performance comparisons between iLOCi and FastEpistasis on high-order interaction models. The percentage of accuracy is shown for different models (Ep1, Ep3, Ep5, Ep6, Het1, Het3, S1, S3) of high-order interactions among (A) three-loci, (B) four-loci, and (C) fiveloci.
hence this tool would be most suitable for testing. Moreover, the theoretical basis for FastEpistasis is widely accepted for genome-wide analysis.
The first result testing for a single interacting pair demonstrated that the top ranked iLOCi pair was the disease interacting pair in 18 different inheritance models without the presence of marginal effects. Overall, its performance was approximately the same as FastEpistasis for most of the model groups and slightly better in some cases (h 2 =0.2, MAF = 0.4; h 2 =0.3, MAF = 0.4) as shown in Figure 2 . For epistatic interactions with marginal effects, iLOCi outperformed FastEpistasis in most models, except in model 2 for which both methods failed to detect the interacting disease marker pair (Figure 3 ). Furthermore, we want to demonstrate the specificity as well as sensitivity of iLOCi for detecting multiple interacting disease marker pairs as would be present in a real dataset. Therefore, the receiver operating characteristics (ROC) were plotted for different thresholds of ranked marker pairs, and for different models of heritability and MAF (Figure 4 ). Generally, iLOCi has high sensitivity and specificity, although the performance tends to be worse with lower degrees of heritability. Moreover, it should be noted that the minimum ρ diff scores that give 100% sensitivity vary greatly from 0.00511 to 0.41663.
In addition to independent interacting pairs, we examined the ability of iLOCi and FastEpistasis to detect higher-order interactions of 3, 4, and 5 loci disease interaction networks for eight models at each level ( Figure 5 ). iLOCi can detect all eight models for all levels of interactions; however, FastEpistasis failed to identify all S3 model interactions. Furthermore, FastEpistasis could detect, with higher than 50% accuracy, in fewer than 50% of the 4-loci network models and only Ep1, Ep3 and Ep5 of the 5-loci network models.
In conclusion, these experiments with simulated data validated the iLOCi algorithm for identifying all four types of higher-order gene interaction. iLOCi performance was comparable to FastEpistasis for a variety of values Figure 6 The frequency distribution of r diff values from WTCCC datasets. The plot shows the empirical probabilty density function (pdf) generated from combined ρ diff values from all seven diseases of WTCCC datasets.The pdf plots generated from each disease are indistinguishable from combined pdf. The plots for Weibull distribution (k = 1, λ=0.018) and Chi-square distribution (degree of freedom = 1) are shown in the same axes. two-locus interaction models; however, iLOCi was markedly superior for detecting high-order interactions. This would be a major advantage of iLOCi for analysis of real data since high-order interaction is the type of interaction likely to be found in real data of complex diseases and may account for current missing heritability.
iLOCi analyses of WTCCC data
The iLOCi algorithm was tested against real data obtained from WTCCC. The distribution of ρ diff values follows a Weibull distribution pattern for all seven diseases ( Figure 6 ). From the Weibull distribution with k = 1 and λ=0.018, we calculated P-values for ρ diff scores ranging from 0.05 to 1.0 (see Table 1 ). For the seven diseases, we selected the top 1000 pairs for which the calculated minimum P-values vary from <2.22e-16 to 1.14e-7 in complete SNP set analysis, and from <2.22e-16 to 4.72e-5 in gene-only SNP analysis (see Table 2 ).
From iLOCi analysis using the complete SNP marker set, it was found that the great majority of the SNPs have not been previously reported to be associated with the diseases [3] . Furthermore, the majority of these SNPs also do not map to annotated genes. The list of top 1000 SNP pairs is available in Additional File 3. For each disease, iLOCi identified 'hub' SNPs, i.e. SNPs that pair with many other SNPs, e.g., rs1553460 pairs with 1000 other SNPs in BD (Table 3) .
Owing to the fact that the majority of interacting SNPs do not map to annotated genes, we re-analyzed the data using the gene-only SNP subset. 'Hub' SNPs were also observed at the gene level (Table 3) . From this analysis, it was noted that the top ranked 1000 SNP pairs of all seven diseases map to 321 disease-gene associations that have been annotated on the HuGE Navigator database The P-values were calculated based on the fitted Weibull distribution with k = 1 and λ=0.018. Table 2 The r diff scores of the 1 st and 1000 th ranked SNP pairs and their associated P-values The highest and the lowest ρ diff scores including their associated P-values are displayed with the average scores of top 1000 SNP pairs from the analyses of WTCCC. T1D HLA-DQB1: major histocompatibility complex, class II, DQ beta 1** 686 T2D TCF7L2: transcription factor 7-like 2 (T-cell specific, HMG-box)*** 481 * Genes associated with disease SNPs that were previously reported in WTCCC original paper ** Genes previously reported to be disease-associated in HuGE Navigator database *** Genes previously reported to be disease-associated in both WTCCC paper and HuGE Navigator database The table displays the number of previously reported disease-associated genes which were found in all analyzed genes and in the set of genes involved in top 1000 interaction pairs. The reported disease genes are shown for both the genes associated with disease SNPs from WTCCC paper [3] and the ones reported in HuGE Navigator database [33] .
(see Table 4 , Additional File 4). On the other hand, the majority of the disease interacting genes among these pairs reported by iLOCi are novel. Moreover, most of these genes were not reported in the original WTCCC study (Table 4 ). To evaluate the biological significance of the novel genes among these pairs, the ToppGene candidate gene prioritization tool was employed. The full results are shown in Additional Files 3 and 4. Among the novel genes identified by iLOCi, it was observed that some well known disease pathways from KEGG [34] contain several of these genes (see Additional File 5). For instance, the 'neuroactive ligand-receptor interaction' pathway in BD contains 4 novel genes in addition to 11 previously reported genes (Figure 7) . Other prominent disease pathways include 'cytokine-cytokine receptor interaction' for CAD ( Figure 8 ) and 'type I diabetes mellitus' for T1D ( Figure 9 ).
Discussion
In this study, we have developed a new pairwise SNPinteraction prioritization algorithm for GWAS. We hypothesized that by first accounting for pairwise marker dependencies among case and control groups, it would be possible to observe true disease interactions above the noise of dependent markers unrelated to disease, as was proposed in earlier studies of LD contrast (see Background).
In GWAS data, it is well known that LD generates strong pairwise dependency signals that are used to identify disease associated SNPs by imputation. However, this type of signal predominates pairwise markers in analysis of gene interactions. For example, in the approach used by Wan et al. [21] , the majority of the interactions identified for all seven WTCCC datasets can be attributed to LD effect, i.e., the interacting Figure 7 The iLOCi detected genes from BD and their maps in 'neuroactive ligand-receptor interaction' pathway. The KEGG pathway diagram [34] shows the mapping of BD-associated genes identified among 1000 top ranked iLOCi pairs in 'neuroactive ligand-receptor interaction' KEGG pathway. The gene families containing the genes previously reported in HuGE Navigator database and the novel disease genes are highlighted in the red boxes and the blue boxes, respectively, with their associated gene names.
SNPs are within 1Mb of each other in the same genomic region. To validate our approach correcting for pairwise dependencies unrelated to disease SNP interactions, extensive tests were performed on simulated data. For a simple model with only one interacting pair, the top ranked iLOCi pair is correctly identified as the disease marker pair. When testing for multiple interacting pairs, iLOCi has high accuracy under the conditions of high heritability and informativeness, i.e., low MAF. On the other hand, low heritability and/or informativeness leads to type I error as observed by ROC plot. In general, the ρ diff scores reflect the degree of heritability and informativeness. Hence, it is not possible to use a single ρ diff cutoff for identifying disease interactions in the real case when the heritability and informativeness are unknown.
From analyses of real GWAS data, it was found that the ρ diff distributions for all seven diseases could be represented by a single kernel density function with Weibull distribution. However, the range of ρ diff values varies among the diseases and follow the known heritability pattern, i.e., HT has the lowest heritability and lowest top ρ diff score, while T1D has the highest heritability and highest top ρ diff score ( Table 2) . Although it is possible to calculate P-values of the interacting pairs and use them as cutoffs for prioritization, we consider the use of Pvalue cutoffs inappropriate. For example, a P-value of 1e-5 (corresponding to ρ diff values of approximately 0.2 or greater) would give approximately 16 million significant pairs for T1D and 200,000 pairs for HT. The same phenomenon of unacceptable type I error was found by others when using FastEpistasis for analysis of real datasets. It is debatable whether Bonferroni correction is valid since the tests are not independent, as shown by the heavy-tailed distributions of ρ diff . Current methods for correction of type I error by false discovery rate are also likely to be impractical because of the requirement for permutation testing.
Instead of using P-value significance thresholds, we used the top ranked 1000 SNP pairs for prioritization, which account for a very small portion (<0.0001%) of all possible pairs. Rather than attempting to identify all gene interactions, which practically can not be found [35] , we limit the prioritization to the top ranked pairs Figure 8 The iLOCi detected genes from CAD and their maps in 'cytokine-cytokine receptor interaction' pathway. The KEGG pathway diagram [34] shows the mapping of CAD-associated genes identified among 1000 top ranked iLOCi pairs in 'cytokine-cytokine receptor interaction' pathway. The gene families containing the genes previously reported in the HuGE Navigator database and novel disease genes are highlighted in the red boxes and the blue boxes, respectively, with their associated gene names.
that are most likely to contain the genetic interactions which are informative of the disease etiology, i.e., disease pathways. From the full SNP set analysis, several hub SNPs were identified for each disease which interact with many other SNPs. For some diseases such as T1D, these hub SNPs map to well-known disease associated genes. However, hub SNPs for BD, HT, and CD do not map to genes. These hub SNPs may mediate interactions at an unknown gene regulatory level, e.g. as noncoding RNAs, miRNAs or cis-regulatory elements. Since our knowledge of gene regulation is far from complete [36] , we repeated the iLOCi analysis on the gene-only SNPs subset. By restricting the analysis to SNP pairs in genes only, the ToppGene systems approach for gene prioritization was appropriate, as used by others for GWAS data [37] [38] [39] .
Gene-based prioritization of the interacting SNP pairs revealed significant representation of previously described disease associated genes. Therefore, we are confident that the novel genes found among the prioritized SNP pairs are novel disease-associated genes. For each disease, hub genes were found which pair with many other genes. Some of these disease hub genes are known and have been replicated as disease genes by HLA-DQA2, HLA-DQB1, HLA-DRA PTPRN2 Figure 9 The iLOCi detected genes from T1D and their maps in 'type I diabetes mellitus' pathway. The KEGG pathway diagram [34] shows the mapping of T1D-associated genes identified among 1000 top ranked iLOCi pairs in the 'type I diabetes mellitus' KEGG pathway. The gene families containing the genes previously reported in HuGE Navigator database and the novel disease genes are highlighted in the red boxes and the blue boxes, respectively, with their associated gene names.
